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Abstract: Groundwater potential (GWP) studies relied heavily on the appropriate selection of
parameters. Past studies have considered factors such as topography, hydrology, geology, land cover
and climate changes; however, not all variables contribute equally to groundwater occurrence.
Therefore, the proper selection of parameters is essential to ensure the accuracy and reliability of GWP
prediction. This study aims to optimize 20 GWP conditioning parameters by utilizing several statistical
approaches: correlation matrix, multicollinearity and chi-square tests. These parameters include
elevation, slope, aspect, curvature, plan curvature, profile curvature, topographical wetness index
(TWI), topographical roughness index (TRI), topographical position index (TPI) and stream position
index (SPI), drainage density, lineament density, geology, lithology, distance to fault, distance to
streams and distance to main tributaries, soil types, normalized difference vegetation index (NDVI),
land use land cover (LULC) and rainfall. The correlation analysis and multicollinearity test results
indicate all parameters fall within the required thresholds, showing minimal redundancy and no
multicollinearity issues. In contrast, the results from chi-square test indicate that 9
parameters: lineament density, elevation, geology, soil, slope, distance to fault, LULC, NDVI and
drainage density exhibit significant contribution (p-value<0.05) and therefore are retained for GWP
prediction. These optimized parameters were then applied to predict GWP areas in the Klang and
Langat River basins using the random forest (RF) machine learning technique. 564 tubewell points
were allocated with 70% for training and 30% for testing. The findings indicated that the areas with
the highest groundwater potential were located in the middle part of the basins, with a percentage of
14.02%. In contrast, the areas with the lowest groundwater potential were located in the northern and
northeastern areas, with the percentages of 20.58%. The evaluation indicates the model exhibited
strong performance, achieving an area under the curve (AUC) value of 0.927 for training and 0.860
for testing. The findings of this study will improve the precision and dependability of groundwater
potential mapping for future sustainable groundwater management systems.

Keywords: Groundwater potential identification, optimization, machine learning, random
forest

Introduction

Groundwater is a critical natural resource, serving as a primary supply of fresh water.
Rapid population growth, urbanization, and land development have led to an increasing
global demand for groundwater. In Malaysia, several states, such as Kelantan, Perlis, and
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Negeri Sembilan have employed groundwater as a substitute resource to address the problem
of water shortage (Azizan et al., 2018; M. M. A. Khan et al., 2021). Consequently, the over
extraction of groundwater resources may result in substantial issues, including land
subsidence, polluted water, and aquifer deterioration (ElI Shinawi et al., 2022;
Panneerselvam et al., 2023; Sharifi et al., 2024). Therefore, identifying groundwater
potential resources is essential as it is the first step towards efficient groundwater
management and ensuring long-term sustainability.

Numerous past researchers have identified GWP by using various method ranging
from conventional to advanced machine learning techniques, in order to achieve accurate
and reliable outcomes (Das & Saha, 2022; Prasad et al., 2020). A careful selection of
relevant conditioning parameters is essential to ensure the effectiveness of the method (Fatah
et al., 2024). Typically, most of the past researchers have selected GWP conditioning
parameters based on various factors such as topography, hydrology, geology, land cover,
and climate changes that contribute to the movement and occurrence of the groundwater
resources (Fatah et al., 2024, Jari et al., 2023; Liu et al., 2022; Prasad et al., 2020). Therefore,
a systematic selection and evaluation of the appropriate parameters is significant to enhance

the reliability and accuracy of the GWP outcome.

The identification of groundwater is complex, considering a large number of
parameters to effectively implement the model. However, some of the parameters might not
significantly influence the GWP results, leading to redundancy and multicollinearity issues
(Liu et al., 2022; Ouali et al., 2023). Therefore, to resolve this issue, several statistical
approaches such as correlation analysis, multicollinearity test and chi-square test have been
employed to optimize and enhance the selection of parameters. Studies from Arabameri et
al. (2019), Ghosh & Bera (2024), Moghaddam et al. (2020) and Sharma et al. (2024)
demonstrates that these methods successfully identified significant relationships and
emphasized the most influential GWP parameters. The variables with no predictive ability

must be eliminated to ensure a reliable and accurate GWP results (Liu et al., 2022).

Thus, the optimization of the selected parameters is essential before utilizing the
GWP identification (Kalantar et al., 2019; Ouali et al., 2023). This study aims to optimize
and analyze the parameters derived from factors of topography, hydrogeology, land covers,
and climate changes, using correlation matrix, multicollinearity test, and chi-square test. The
variables that were not within required threshold were eliminated to retain the most relevant

variables for GWP modelling. Then, the identification of the GWP area was conducted by
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using one of the commonly used machine learning methods, which is random forest (RF).
The evaluations were utilized by using several statistical metrics. In summary, this study
highlights the significance of parameter optimization and the reliability of RF in producing
accurate and reliable GWP results.

Study Area
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Figure 1: Study Area

Figure 1 illustrates the study area encompasses two different basins in Selangor and Kuala
Lumpur: the Klang and Langat Rivers. Klang River basin is located on the western coast of
Peninsular Malaysia, with coordinates of 3° 00' 0.00" N and 101° 22' 59.99" E. The river
basin area is approximately 1288 km?, which includes a majority of Kuala Lumpur state
with several districts of Selangor, which are half of Gombak and Klang, the majority of
Petaling, and a small portion of Sepang. Meanwhile, the Langat River basin is located in the
southern part of Selangor, with the latitude of 2° 40' 0.00" N to 3° 20' 0.00" N and longitude
of 101° 10' 00" E to 102° 00' 00" E. The river basin area is estimated to be 2432 km?, with
a total length of 183.65 km. This basin includes a majority of Putrajaya states and several
Selangor districts, including Kuala Langat, Hulu Langat, Sepang, a small portion of Kuala

Lumpur, and a part of Negeri Sembilan.

Page | 3



N

The 46" Asian Co

Methodology
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Figure 2: Methodology Flow Chart

Figure 2 illustrates the methodological workflow of this study, including four main phases:

data acquisition, pre-processing, data processing, and data validation. The preparation began

with the preparation of the thematic layers for each GWP conditioning parameters using

ArcGIS software. These layers were then extracted at sample location points for dataset

preparation. The parameter selection was carried out in the pre-processing stages using the

correlation matrix, multicollinearity, and chi-square tests. These processes ensure no

redundancy among the variables and can retain the most valuable factors. The RF was then

applied to predict the GWP area with the dataset partitioned between 70% for training and

30% for testing. Lastly, the model’s performance was assessed using accuracy, precision,

recall, AUC, and ROC curve metrics for both training and testing datasets.
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a. Training and Testing Dataset

In this study, the training and testing dataset were consists of 564 tubewell points and 564
non-tubewell points that were randomly generated across study area. The tubewell points
were assigned as 1 and non-tubewell points were assigned as 0. The dataset then divided
into 70% (training) and 30% (testing) in order to predict the groundwater potential by using

RF. Figure 1 depicts the tubewell distribution map across study area.

b. Groundwater Conditioning Parameters

There were total of 20 groundwater conditioning parameters that gives influence towards
groundwater potential studies. These parameters have been divided into four different
factors which are topography (elevation, slope, aspect, plan curvature, profile curvature,
TWI, TRI, TPI, SPI), hydrogeology (drainage density, lineament density, geology,
lithology, distance to fault, distance to stream, distance to main tributaries), land cover
(LULC, soil types, NDVI) and climate changes (rainfall).

I Elevation

Elevation affects groundwater as water naturally flows on low topography compared to high
topography (Anh et al., 2023; Thanh et al., 2022). Consequently, high elevation indicates
low groundwater potential, while low elevation indicates high groundwater potential
(Masroor et al., 2021; Moghaddam et al., 2020; Wei et al., 2022). Figure 3(a) illustrates the

elevation map of research region, with altitudes varying from —118m to 1412m.

ii. Slope

Slope influences groundwater infiltration, surface runoff and groundwater movement (Al-
Kindi & Janizadeh, 2022; Razavi-Termeh et al., 2024). Gentle slopes have an elevated
infiltration rate, enhancing water capacity (Fatah et al., 2024; Islam et al., 2023; P. Kumar
et al., 2024; Shandu & Atif, 2023). Meanwhile, steep slopes have lower infiltration,
reducing water capacity (Al-Kindi & Janizadeh, 2022; Islam et al., 2023; Z. A. Khan &
Jhamnani, 2023; Shandu & Atif, 2023). Figure 3(b) illustrates a slope map made using Slope

tools that ranges from 0 to 75 degrees.

iii. Aspect
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Aspect denotes the slope’s direction and orientation, which is essential for groundwater
occurrence (Fatah et al., 2024; Roy et al., 2024; Sharma et al., 2024). Figure 3(c) depicts
the aspect map derived from the Aspect tool, categorized into ten directional groups.

iv. Plan Curvature

Negative values on profile curvature signify a concave slope, resulting in the convergence
of water flows, while positive values show a convex slope, reflecting the divergence of
water flow over the surface (M. Kumar et al., 2023; Prasad et al., 2020). Figure 3(d)

illustrates the plan curvature map categorized into convex, linear and concave types.

V. Profile Curvature

In contrast to plan curvature, profile curvature indicates the acceleration and slowdown of
water flow (R. Kumar et al., 2021). A negative profile curvature value signifies a
deceleration in surface water flow, while a positive value denotes an acceleration in surface
water flow (Ghosh & Bera, 2024; M. Kumar et al., 2023; Prasad et al., 2020). A value of 0
signifies a linear surface. The figure in 3(e) illustrates the profile curvature map of the Klang

and Langat River basins.

Vi. TWI

TWI or topographical wetness index signifies the impact of topography on hydrological
processes (Z. A. Khan & Jhamnani, 2023; Razavi-Termeh et al., 2024). It will determine
the potential of the water flow or accumulation (Sgrensen et al., 2006). The TWI can be

calculated using the formula provided below (Moore et al., 1991).

fa

The formula designates fa as the flow accumulations and S as the slope angle at the
specified location (Prasad et al., 2020). Figure 3(f) illustrates the TWI map, with a range
from 2 to 36.

Vii. TRI

Topographical Roughness Index (TRI) assesses the elevation difference between DEM cells
to calculate terrain roughness and monitor the changes on the ground surface (Z. A. Khan
& Jhamnani, 2023; Seifu et al., 2023). The TRI is determined using the formula provided
below (Riley & Degloria, 1999).
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TRI = (Fsmean — Fgmin) /(Fsmax — Fgmin) (2)
Fsmean refers as mean focal statistic, while Fymax signifies the highest focal statistics and
Fymin indicates the lowest focal statistic of a surface (Mukherjee & Singh, 2020). Figure

3(g) illustrates the TRI map with the values ranging from 0 to 1.

viii.  TPI
TPI or topographical position index, illustrated in Figure 3(h) measures the elevation of a
target cell compared to its neighbouring cells (Dahal et al., 2023; Roy et al., 2024). The TPI

can be derived using the formula below.
Ep
TPI = (=) 3
Es

Ep represents the elevation of the cell, while Es is defined as the average altitude of the

surrounding pixels (Rahmati et al., 2018).

iX. SPI
The stream position index (SPI) is used to assess the impact of water flow erosion on
groundwater occurrence (Nampak et al., 2014). The following formula represents the
equation for calculating SP1 (Moore et al., 1991).

SPI = Ag X tanf 4)
The formula indicates Ag as the flow accumulation of the watershed area and S as the slope
gradient (Fatah et al., 2024). Figure 3(i) illustrates the SPI map, which ranges from -15 to
14.

X. Drainage Density

The relationship between groundwater and drainage density is inverse; low drainage density
indicates high infiltration and less surface runoff, increasing groundwater level (Al-Kindi
& Janizadeh, 2022; Dey et al., 2023). Figure 4(a) illustrates the drainage density map, which

ranges from 0 to 4.

Xi. Lineament Density

Lineaments are linear or curved geological structures that signify faults and fractures
formed through tectonic stress and geological processes (Dey et al., 2023; Jari et al., 2023).
Lineament density was derived from the lineaments on the hillshade surface. Figure 4(b)

illustrates the lineament density map, which ranges between 0 and 2.
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xii.  Lithology

Lithology influences groundwater flow as it affects the aquifer permeability and soil
porosity (Abrar et al., 2023; Islam et al., 2023; Jari et al., 2023; Maskooni et al., 2020). The
Figure 4(c) illustrates ten classes of lithology map obtained from JMG.

xiii.  Geology

Geology affects the dynamics, retention, and capacity of groundwater (Naghibi et al., 2016).
The permeability and porosity of the rock structure in geological formation will increase
the infiltration rate towards groundwater occurrence (Dey et al., 2023). Figure 4(d) depicts

difference classes of geological map of the Klang and Langat River basin.

xiv.  Distance to Fault
The data of major and minor faulting in the Klang and Langat River basin was acquired
from JMG. Figure 4(e) illustrates the fault distance map produced using Euclidean Distance

tools, with values ranging from 0 to 50472 m.

XV. Distance to Streams

The distance to the stream map as illustrated in the Figure 4(f) was generated using
Euclidean Distance tools with input derived from stream features obtained from LUAS. The
map value ranges from 0 to 8035 m.

xvi.  Distance to Main Tributaries

The main tributaries feature was obtained from LUAS. The distance to main tributaries
maps, illustrated in the Figure 4(g), was created with Euclidean Distance tools, with values
ranging from 0 to 14168 m.

xvii. LULC

LULC describes the existing geographic characteristics, including vegetation, soil cover,
agricultural fields, urban infrastructure, and water bodies, which significantly affect
groundwater movement (Ibrahim-Bathis & Ahmed, 2016; Shandu & Atif, 2023; Thanh et
al., 2022). Figure 4(h) depicts the LULC map of the research region, which has five
categories: water, forest, agriculture, developed land and barren land.
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xviii.  Soil Types

Each soil type’s characteristic gives a different permeability and retention rate towards
groundwater occurrence (P. Kumar et al., 2016; Martinez-Santos et al., 2021; Rahmati et
al., 2016). Soil also controls the infiltration rate, which determine how much water seeps
through the subsurface layer (Seifu et al., 2023). The soil map in Figure 4(i) shows several

classes of soil in the Klang and Langat River basin.

xix.  NDVI

NDVI as shown in Figure 5(a), influences groundwater by reflecting the characteristics of
vegetation cover (Ragragui et al., 2024). Higher NDVI signifies robust vegetation, while
lower NDVI denotes compromised vegetation. The following formula depicts the

calculation of NDVI.

npvi = VIR~ R (5)
" NIR+R

NIR indicates near infrared, while R defines red, which represents the reflectance of
vegetation (Prasad et al., 2020).

XX. Rainfall

Rainfall influences groundwater recharge through precipitation (Prasad et al., 2020; Seifu
et al., 2023; Thapa et al., 2017). Precipitation provides a primary source of water that
percolates through soils and influences water recharge (Islam et al., 2023; Oikonomidis et
al., 2015; Thapa et al., 2017). Figure 5(b) shows the rainfall map derived using IDW tools,
which ranges between 73mm and 347mm.
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Figure 3: Thematic Layers for Groundwater Conditioning Parameters: (a) Elevation, (b)
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Figure 4: Thematic Layers for Groundwater Conditioning Parameters: (a) Drainage

Density, (b) Lineament Density, (c) Lithology, (d) Geology, (e) Distance to Fault, (f)
Distance to Streams, (g) Distance to Main Tributaries, (h) LULC, (i) Soil Types
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Figure 5: Thematic Layers for Groundwater Conditioning Parameters: (a) NDVI, (b)
Rainfall

C. GWP Parameters Optimization

I Correlation Analysis

Correlation matrix is one of the methods that has been widely used by past studies to
delineate groundwater influencing factors. Correlation matrix is an approach applied to
ascertain the linear relationship among groundwater variables (Chouhan et al., 2024; Ejaz
et al., 2024). The correlation analysis result ranges from -1 to 1, indicating the significance
and direction of the linear connection between variables. A positive correlation signifies a
strong association between variables, zero denotes a neutral relationship, and a negative

correlation reflects an inverse relationship (K. Halder et al., 2024).

ii. Multicollinearity Test

The application of multicollinearity test will eliminate the possible noise error that might
affect the prediction ability of the GWP model (S. Halder et al., 2024; Roy et al., 2024).
Multicollinearity emerges when more than one variable in a model demonstrates a
significant correlation (Ghosh & Bera, 2024; Roy et al., 2024). Two common indicators
used by past studies to determine the collinearity issues which are the Variance Inflation
Factor (VIF) and Tolerance (TOL) (Moghaddam et al., 2020; Ragragui et al., 2024; Razavi-
Termeh etal., 2024; Wei et al., 2022). The following formula calculates the indicators (Anh
et al., 2023; Ghosh & Bera, 2024).

TOL=1-—R? (6)

Page | 12



“The 46 Asian C

1
=— 7
VIF TOL (7)

RZ represents the coefficient of conditioning factors relative to all other groundwater
conditioning factors (Anh et al., 2023). The VIF score must not above 10, and the TOL
cannot exceed 0.1 to signify the absence of multicollinearity issues (Anh et al., 2023;
Arabameri et al., 2019; Ghosh & Bera, 2024; Mukherjee & Singh, 2020). If the value is not

within the threshold, the factors must be eliminated from the groundwater prediction model.

iii. Chi-square Test
The chi-square test is used to measure significant relationships among variables (Pradhan
et al., 2017). This study employed this method to evaluate the relationship between
groundwater conditioning parameters and the target variables (tubewell points) (Liu et al.,
2022). The subsequent formula represents the equation for the chi-square test.
2
42 = Z (0 1_5iEi) @®
i
The formula defines x? as chi-squared, 0; as observed value and E; as expected value. A
higher chi-square (x?2) value contributes to the significant relationship between variables,
whereas a lower value suggests no correlation between the target and variables (Ganesh et
al., 2025; Liu et al., 2022). The p-value in this test were assessed to determine the
statistically significant contribution towards GWP prediction. A p-value below than 0.05
indicates as significant contribution towards GWP, while p-value above 0.05 suggests no
significant influence (Ganesh et al., 2025).

d. Random Forest (RF)

RF is a widely used algorithms in machine learning, introduced by Breiman in 2001.
Random forest is an ensemble method that merges many decision trees to enhance accuracy
and decrease the probability of overfitting. Random Forest may be used for tasks involving
regression and classification. Previous studies (Djerida et al., 2024; K. Halder et al., 2024;
Z. A. Khan & Jhamnani, 2023; R. Kumar et al., 2021; Seifu et al., 2023) have demonstrated
that RF is constantly exhibits higher performance for AUC(ROC) and overall accuracy.

e. Evaluation Metrics
Evaluation metrics are essential in machine learning to measure the model capability and

performance. This study used several assessment measures, including accuracy, precision,
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recall, F1-score, AUC, and ROC curve, to assess the prediction performance of the RF
model. As shown in Equation 9, accuracy indicates as the ratio of correct predictions
produced by the model compared to the total predictions.

P ~ TP + TN
CCUracY = TP ¥ TN + FP + FN ©)

Precision (Equation 10) quantifies the ratio of accurately predicted groundwater locations
to all positive predictions, while recall (Equation 11) assesses the model’s capacity to

identify the actual groundwater occurrences.

pocisio — TP

recision = zm——rs (10)
Recall = — %

CCal = TP I FN (11)

The F1-score in Equation 12 represents the harmonic mean of accuracy and recall, offering

an equal evaluation of the two measures.

2 X (Precision X Recall)
Fl=

Precision + Recall (12)

The equations above denote:
e TP: True positive
e TN: True negative
e FP: False positive

e FN: False negative.

Finally, the area under curve (AUC) and receiver operating characteristics (ROC) curve
were used to evaluate the model’s discriminative capabilities between tubewell and non-
tubewell locations. In ROC curve, the true positive rate (TPR) at different categorization
criteria is shown in relation to the false positive rate (FPR). AUC, on the other hand,
evaluates the model's overall capacity to differentiate between positive and negative
classifications. An AUC value of 0 indicates that the model performs worse than random
guessing, while an AUC value of 1 indicates that the model successfully separates positive

and negative classifications.

Results and Discussion

a. Analysis of GWP Parameters
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i. Correlation Matrix
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Figure 6: Correlation Matrix

Figure 6 illustrates the results derived from the correlation study of groundwater
conditioning parameters. The correlation result signifies a value around -1 indicates a strong
negative association, whereas a number near +1 indicates a strong positive association.
Based on Figure 6, most of the groundwater conditioning parameters exhibit a weak to
moderate relationship, which suggests minimal redundancy among variables and reduces
the risk of multicollinearity in the modelling process. The strongest positive relationships
were found between elevation (ELV) and lineament density (LD) (r = 0.67), followed by
elevation (ELV) and slope (SLP) (r =0.59). This indicated that higher elevation was strongly
associated with steeper slopes and higher lineaments, which are important for groundwater
occurrence. In contrast, the strongest negative relationship was found between geology
(GLG) and distance to fault (DTF), with a value of —0.71, indicating that specific geology

attributes were strongly correlated with fault structures that determine groundwater
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occurrence. Thus, the results from the correlation analysis indicate that all variables were

accepted and do not exceed the commonly used threshold of 0.8.

ii. Multicollinearity Test

Table 1: Multicollinearity Test Result

Features VIF TOL
Elevation 2.516 0.397
Slope 2.372 0.422
Aspect 1.036 0.965
Profile Curvature 1.612 0.620
Plan Curvature 1.659 0.603
TWI 1.613 0.620

TRI 1.275 0.784

TPI 1.283 0.779

SPI 1.605 0.623
Drainage Density 1.461 0.685
Lineament Density 2.539 0.394
Lithology 2.051 0.488
Geology 3.213 0.311
Distance to Fault 3.112 0.321
Distance to Stream 1.805 0.554
Distance to Main Tributaries 1.893 0.528
Soil 1.886 0.530

LULC 1.670 0.588
NDVI 1.794 0.557
Rainfall 1.294 0.773

Table 1 shows the result of the multicollinearity test for groundwater conditioning

parameters, the VIF values range from 1.050 to 3.157, while TOL values range from 0.317

t0 0.952. These results indicate that there are no variables that exceed the required threshold

(VIF < 10; TOL > 0.10), which suggests that no multicollinearity issues arise among the

variables. Therefore, all of the groundwater conditioning parameters were accepted and can

be used in the modelling processes, which is consistent with the previous studies by Anh et

al. (2023), Ghosh & Bera (2024) and Moghaddam et al. (2020).
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iii. Chi Square Test
Table 2: Chi-Square and p-value Result

Features Chi — Square (x?) p — value
Lineament Density 67.259 0.000
Elevation 51.526 0.000
Geology 46.222 0.000
Soil 33.195 0.000
Slope 29.412 0.000
Distance to Fault 22.721 0.000
LULC 18.230 0.000
NDVI 17.166 0.000
Drainage Density 11.997 0.000
Distance to Stream 3.660 0.056
TWI 3.131 0.077
Distance to Main Tributaries 1.858 0.173
TRI 1.101 0.294
Aspect 0.860 0.354
Lithology 0.695 0.405
Rainfall 0.471 0.493
Profile Curvature 0.079 0.778
TPI 0.038 0.846
SPI 0.018 0.893
Plan Curvature 0.010 0.919

Table 2 shows the chi-square (x?2) and p-value results between tubewell distribution and
groundwater conditioning parameters. Based on the result, nine discovered variables
(lineament density, elevation, geology, soil, slope, distance to fault, land use/land cover,
NDVI, and drainage density) have a p-value < 0.05, indicating statistical significance for
groundwater occurrence. It is supported by the higher y? value that indicates these
parameters highly influenced GWP prediction. In contrast, the remaining parameters, such
as distance to stream, TWI, distance to main tributaries, TRI, aspect, lithology, rainfall,
profile curvature, TPI, SPI and plan curvature, demonstrate a p-value > 0.05, signifying no
statistically significant impact on groundwater occurrence. Therefore, nine parameters
highly influenced towards groundwater occurrence were retained for further modelling,
while the less influenced parameters were excluded to enhance the reliability of the GWP

prediction.
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b. GWP Using Random Forest
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Figure 7: GWP Area Using RF
Figure 7 depicts the groundwater potential map derived from the RF model. The GWP map
was sorted into five classifications: very low, low, moderate, high and very high. The areas
with the largest anticipated groundwater potential were mostly situated in the centre portion
of the research area, shown in dark blue. These areas were likely influenced by gentle slope,
agricultural land, high rainfall distribution, and lithology dominated by clay, silt, sand, peat,
and minor gravel. These factors enhanced the infiltration and storage capacity, which led to
groundwater occurrence (Anh et al., 2023; Fatah et al., 2024; Ghosh & Bera, 2024; Islam
et al., 2023). Meanwhile, the areas with the lowest groundwater potential were situated in
the northern and northeastern sections of the research area, shown in red. These areas were
influenced by several factors such as steep slopes, higher elevations, dense forest cover and
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lithology dominated by vein quartz types, limiting infiltration and storage capacity (Al-
Kindi & Janizadeh, 2022; Manap et al., 2014; Masroor et al., 2021).
Table 3: GWP Area Percentages

Classes Area (km?) Percentages
Very High 541.17 14.02
High 976.29 25.30
Moderate 1055.29 27.35
Low 492.00 12.75
Very Low 794.38 20.58

Table 3 presents the area and percentages corresponding to each groundwater potential
classification. The results demonstrate the moderate class area has the highest predicted area
(1055.29 km?), followed by the high class (976.29 km?). Meanwhile, the low class exhibited
the lowest predicted area (492 km?). Consequently, the findings suggest that the majority
of the research area is situated within moderate to high groundwater potential zones, with

only limited zones exhibiting low groundwater potential.

C. Evaluation Metrics of GWP Using RF

Table 4: Evaluation Metrics Result for Training and Testing

Evaluation Metrics Training Testing
Accuracy 0.824 0.743
Precision 0.786 0.724

Recall 0.892 0.786
F1 Score 0.836 0.754
ROC(AUC) 0.927 0.860

Table 4 depicts the evaluation metrics for the training and testing datasets obtained from
GWP prediction. The model demonstrated strong predictive performance by achieving
0.824 for accuracy on training and 0.743 for testing, indicating effective generalization with
only a moderate decreased performance on unseen data. Precision and recall declined from
0.786 to 0.724 and from 0.892 to 0.786 for the training and testing datasets, respectively.
The results suggest that the model is more effective in correctly identifying groundwater
locations than reducing false positives. Meanwhile, the F1-score remained consistently
high, at 0.836 for training and 0.754 for testing, indicating a balanced performance between

precision and recall.
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Figure 8: AUC and ROC Curve

Figure 8 depicts the AUC and ROC curve obtained from the RF models. The AUC value of
0.927 for the training dataset implies an excellent classification performance, while the slightly
lower value of 0.860 for the testing dataset indicates a strong generalization to the unseen data.
The difference between the training and testing data for AUC demonstrates that the model was
not significantly overfitted and maintains the capability of reliable predictive modelling for
groundwater potential. The result of this study is aligned with the studies from Arabameri et
al. (2019), Das & Saha (2022) and Maskooni et al. (2020), which demonstrated an AUC value
greater than 0.80 that reflecting to a good and excellent result of GWP model.

Conclusion and Recommendation

This research optimized and enhanced GWP parameters using several statistical approaches:
correlation analysis, multicollinearity test and chi-square test. Based on the correlation
analysis result, most of the GWP parameters exhibit minimal redundancy, while elevation
shows a stronger relationship between elevation and lineament density (r=0.67) and between

elevation and slope (r=0.59). For the multicollinearity test result, all of the parameters were
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within the required threshold for both VIF (<10) and TOL (>0.10). This result indicates
there are no collinearity issues among variables. However, according to the chi-square
results, nine variables: lineament density, elevation, geology, soil, slope, distance to fault,
LULC, NDVI and drainage density, significantly contributed to groundwater occurrence,
while the remaining of the parameters give minimal contributions and were removed to
enhance the reliability of the model. These findings emphasize the efficacy of optimization
analysis in distinguishing the most critical variables that would contribute to the
groundwater identification and removing variables with zero predicting abilities that might
affect the model’s accuracy and reliability. The optimized GWP model using RF achieved
excellent performance of AUC with the value of 0.927 for training and 0.860 for testing. In
conclusion, integrating optimized parameters with machine learning models provides a
highly reliable and robust framework for GWP modelling. Further studies should be
recommended to apply a similar or more advanced optimization method that could remove
the redundancy, prediction errors and enhance the model. Also, integrating other factors
such as subsurface data or ground truth could improve the groundwater potential
assessment's accuracy, precision and reliability for sustainable groundwater resource

management.
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